Background: Urban population in China is mainly covered by two medical insurance schemes: the Urban Employee Basic Medical Insurance (UEBMI) for urban employees in formal sector and the Urban Resident Basic Medical Insurance (URBMI) for the left urban residents, mainly the unemployed, the elderly and children. This paper studies the effects of UEBMI and URBMI on health services utilisation in Shaanxi Province, Western China.
Introduction
Before China commenced its economic reform from a centralised economy to a market-driven one in the late 1970s, there was near-universal insurance coverage for both rural and urban populations [1, 2] : the Cooperative Medical System (CMS) for the rural population; the Government Insurance Scheme (GIS) for government employees, retirees, disabled veterans, university teachers and students; and the Labor Insurance Scheme (LIS) for company employees, their dependents, and retirees. However, the health care system was not given sufficient attention during the period of economic transition. Without an efficient cost-control mechanism, the over-utilisation of health services and the abuse of free medical care were widespread [3] . The rapid escalation of health care costs in urban China led in part to a fiscal crisis in both the GIS and the LIS; as a result workers were in effect uninsured [4] .
The government and enterprises struggled with the immense financial burden of these two systems, driving the pilot experiments of Medical Savings Accounts (MSAs) in 1994, which latterly expanded to a new city-based social health insurance scheme covering the whole country in 1998, named Urban Employee Basic Medical Insurance (UEBMI) [4, 5] . The UEBMI targeted urban employees in formal sector (about half of the urban population according to Yip and Hsiao [2] ), leaving the remaining urban residents (such as the dependents of covered workers) not covered. The increasing demand for health care and the concomitant financial burden facing households made the health care issue a major concern in China [6] . The large share of individual expenditure in national health care spending has lowered levels of equitable access to health care services [7] . The lag between the rapidly growing economy and the rigid health care system has posed significant challenges for the sustainability of health care financing and delivery in China [8] .
In late 2007, the Chinese State Council decided to launch a new wave of health care reform. Following the creation of UEBMI for urban employees in 1998, and NRCMS designed for rural populations in 2003, the third major public health insurance scheme, URBMI, was finally established for urban residents, mainly the unemployed, the elderly and children (including students) [9] . Given the divergent levels of economic development across China's regions and membership eligibility, the level of financing and benefit packages varies among the provinces and cities [10] .
The UEBMI pilots began in Shaanxi Province from 1999, whilst the URBMI was initiated in 2007. By the end of 2012, there were 5,474,900 people enrolled in the UEBMI and 5,713,200 people enrolled in the URBMI, accounting for around 29.2% and 30.4% of the total urban population respectively [11] . The two schemes have some distinguishing features by design. First, the UEBMI enforces compulsory enrollment, while the URBMI adopts voluntary enrollment. This decision was made after weighing the costs and benefits of the two alternative approaches: while mandatory participation would eliminate the risk of adverse selection, voluntary participation could reduce the high administrative costs [12] . Second, UEBMI stipulates both higher financing and reimbursement levels than URBMI. Third, UEBMI includes a Social Pooling Account (SPA) for inpatient care and an individual MSA for outpatient care, whilst the URBMI only has a SPA covering both inpatient treatment and critical (i.e. chronic or fatal disease) outpatient care. These two insurance schemes also share some similarities, in that (1) both schemes are enrolled at the individual level, and (2) both schemes encourage insured people to use lower level hospitals relative to higher level hospitals for inpatient treatments by assigning higher reimbursement rates to the former hospitals. Take the URBMI reimbursement policy set for inpatient treatment at Xi'an City (the capital of Shaanxi Province) for example, the reimbursement rates decreased from 70% to 40% along with the increasing levels of hospitals, from community health services centres to tertiary hospitals. See Table 1 for a brief comparison of two basic medical insurance schemes in Shaanxi Province. A more detailed introduction about a typical UEBMI scheme and URBMI scheme can be found in other literature [9, 12, 13] .
The impact of medical insurance on improving health services utilisation has been well reported in both developing and developed countries [14] [15] [16] . The empirical evidence regarding urban basic medical insurance in China is still limited and inconclusive. By analysing baseline and first wave post UEBMI reform survey data (conducted in 1994 and 1995, respectively) from Zhenjiang City, Liu et al. [17] found statistically significant results that the probability of having outpatient visits increased, whilst the likelihood of hospitalisation, the number of annual total outpatient visits and hospital admissions all decreased. Chen et al. [18] , using four year (2008-2010) panel data from nine cities, found that URBMI significantly increased both the inpatient and outpatient health services utilisation. Li and Zhang [19] is the only study that investigated both UEBMI and URBMI in the same analysis framework. By using the cross-sectional data from the older population (aged 45 or older) in two provinces (Gansu and Zhejiang) in 2008, they found that UEBMI has increased the likelihood of having outpatient services in Zhejiang Province and the chance of having inpatient services in Gansu Province. The effects of URBMI were all insignificant.
The aim of this study is to investigate the effect of two basic medical insurance schemes on health services utilisation in Shaanxi Province, western China. In addition, this paper contributes to the literature by investigating whether insurance schemes have encouraged the insured to use health services in lower level hospitals for inpatient health services, consistent with the incentives of the benefit package design.
Methods

Ethics
The study protocol was reviewed and approved by the Ethics Committee of Xi'an Jiaotong University School of Medicine. The data from this study was drawn from the 4th National Health Services Survey (NHSS) in Shaanxi Province surveyed in 2008. The NHSS was organised and directed by the Center for Health Statistics and Information of the Ministry of Health of China. This study only used the survey data from Shaanxi Province, through the Health Department of Shaanxi Province (www.sxhealth.gov. cn). The data was anonymised when we accessed it and no study subject was directly approached.
Data source
The data used in this study was drawn from the 4 th National Health Services Survey -Shaanxi Province. A multistage stratified cluster random sampling method was used. In the first stage, 44 counties/districts were randomly selected, among which 75 townships/streets were further chosen in the next stage. In the third stage, 105 villages/residents' committees were selected. In total, 2721 households (7948 people) in the urban area and 3239 households (10324 people) in the rural area were interviewed. The survey questionnaire consisted of socio-demographic characteristics, medical insurance status, health status, health services demand, and utilisation. The face-to-face interviews were conducted from June 15 to July 10, 2008. More detailed information about the NHSS can be found in other literature [7, 20] .
In this study, urban respondents aged 15 and older were studied. We further excluded a small proportion of respondents who had purchased commercial medical insurance following the literature [10, 18] . This group of respondents might have behaved differently from people who did not have any medical insurance or those who only had one basic medical insurance (since purchasing more than one medical insurance would face an even cheaper price for health services). The final sample consists of 4862 respondents (from 2115 households), among which 2633 (55%) respondents had purchased UEBMI, 780 (16%) respondents had purchased URBMI and 1449 (29%) respondents did not purchase either of the two medical insurance schemes.
Statistical methods
Denote U 1 /U 0 as health services utilisations with/without medical insurance (the treatment). In an ideal but counterfactual scenario, we observed both U i1 and U i0 for each individual i in a population of interest. The average treatment effect (ATE) for that population is calculated as ATE ; E(U 1 2U 0 ). However, the ATE isn't the focus for this study since we were more interested in investigating whether purchasing medical insurance could significantly change the health services utilisation behaviours of the insured, i.e. the average treatment effect on the treated (ATT). Let a dummy variable T indicates whether being insured (i.e. T = 1 if insured, T = 0 otherwise), then the ATT could be specified as ATT ; E(U 1 2U 0 |T = 1). Since medical insurance status is not randomised in the population, the self-selection issue could not be omitted. In this study, two nonparametric matching techniques were adopted to estimate the average treatment (medical insurance) effect on the treated (the insured). In essense, the matching approach helped to identify the counterparts for the insured, based upon the observable pre-treatment characteristics.
Propensity score matching (PSM). The PSM, proposed by Rosenbaum and Rubin [21] , is one widely used approach to handle selection effects by approximating the ideal conditionallyrandomised experiment [22, 23] . The detailed steps for conducting PSM analysis have been discussed elsewhere [22] . For this study, the steps could be briefly summarised as follows. Firstly, the logistical regression was adopted to calculate the propensity score for each individual. The dependent variable is a dummy variable indicating an individual's insurance status, whilst the independent variables are observed socio-demographic variables that might influence the individual's demand for medical insurance and/or health services utilisation. Secondly, potential matching algorithms were selected. In this study, the parametric one-to-one matching algorithm was chosen. The third step was to select the samples that are within the region of common support (such that any combination of characteristics in the insured group could also be observed in the uninsured group) into the matching analysis by using the minima and maxima comparison approach. Finally, the performances of matching quality were examined by calculating standard bias and conducting a significance test. Since the propensity score summarised all observed characteristics into one scalar for matching, PSM is referred to as a uni-dimensional matching method.
Coarsened exact matching (CEM). The CEM is an alternative multi-dimensional matching (or monotonic imbalance bounding) method recently proposed by Iacus et al. [24] . A key property, opposite to the PSM, is that the CEM bound the maximum imbalance through an ex ante choice specified by the user, i.e. the user would decide the way that observed characteristics were to be coarsened. The user would not need to further conduct balance checking or restrict data to common support as required by the PSM. More beneficial properties and the detailed steps of implementing CEM should be referred to Iacus et al. [24] and Blackwell et al. [25] .
A more general introduction and comparison on PSM and CEM can be found in other literature [26] . The PSM was modeled by using psmatch2 command coded by Leuven and Sianesi [27] . The CEM was modeled by using cem command coded by Blackwell et al. [25] . All analyses were performed in Stata version 12.1 (StataCorp LP, College Station, Texas, USA).
Variables
Four dependent variables were used in this study to evaluate the effect of two urban basic medical insurance schemes on health services utilisation. A binary variable indicating whether an individual had visited a doctor for outpatient treatment in the past two weeks, and a count variable measuring the number of doctor visits in the past two weeks were adopted for the outpatient utilisation. Similarly, a binary variable indicating whether an individual had been hospitalised in the past year, and a count variable documenting the number of hospitalisations in the past year were chosen for inpatient utilisation.
A series of socio-demographic variables which might impact on both the demand of medical insurance and health services utilization were considered in the first step of PSM analysis to calculate the propensity score. The variables chosen were based upon literature review and data availability, including an objective health status indicator (i.e. whether respondents have any doctordiagnosed chronic diseases), age, gender, marital status, education status, employment status, annual personal expenditure (grouped into three low, medium and high income levels) and sample regions. There was another variable in the survey that could potentially be used to proxy health status -self-reported health status, ranked between 0 (the worst imaginable health status) and 100 (the best imaginable health status). Both of these two proxies have been widely used in the household survey analyses in western China and found to have similar effects [28, 29] . We did not include both indicators in the analysis due to multi-collinearly between two variables and we opted to use the former following the literature [10, 18] . In addition, there were two potential variables that could be used to proxy an individual's income status -the self-reported annual personal income (calculated as annual household income divided by household size) and the self-reported annual personal expenditure (calculated as annual household expenditure divided by household size). As discussed in the literature, respondents in developing countries tended to underreport their income in the household survey, we thus opted to use self-reported annual personal expenditure in the analysis to proxy income [30] . Summary statistics of the survey sample can be found in Table 2 .
Results
Matching performances
In the first step of PSM approach, the logistic regression was used to generate the propensity score. The regression results are presented in Table 3 . As can be seen, age, gender, marital status, education status, employment status, income level and sample region were all statistically significant when associated with UEBMI status. Similarly, with URBMI enrollees and uninsured, health status, education status, employment status, income level and sample region were statistically significant.
Based upon the generated propensity scores, the samples that were within the region of common support were identified for the UEBMI and uninsured group (0.008-0.989) and for the URBMI and uninsured group (0.012-0.681). Excluding samples outside the common support region, the sample sizes are 3760 respondents (including 2566 UEBMI enrollees and 1194 uninsured) for studying the UEBMI effect and 1935 respondents (including 750 URBMI enrollees and 1185 uninsured) for studying the URBMI effect. Based on the one-to-one matching algorithm, the final sample sizes for analysing the health services utilisation are presented in the corresponding result tables.
The PSM has improved the comparability between the insured group and the uninsured group. Except for a few characteristics (i.e. age group 45-59, retired, unemployed and high income group), standard bias for all other variables between UEBMI enrollees and the uninsured are lower than 5% after matching. In addition, the t test statistics suggest that for all characteristics, the difference between the UEBMI enrollees and the uninsured is statistically insignificant (p.0.10). A similar finding has been observed for the URBMI enrollees and the uninsured, that after matching, the standard bias for the majority of characteristics between the two groups is lower than 5%; there was also no statistical difference on any characteristics between the two groups based on t test statistics. After matching, the mean propensity scores for the UEBMI enrollees and the uninsured were 0.645 and 0.644, whilst for the URBMI enrollees and the uninsured, the scores were 0.413 and 0.412; both statistically insignificant. For detailed PSM quality performance tests results please see Tables 4  and 5 .
The global imbalance measure L 1 statistics before and after CEM are reported in Table 6 . As can be seen the post matching The Effects of UBMI on Utilisation in China PLOS ONE | www.plosone.org Table 5 . Comparison of analysis sample characteristics before and after matching (URBMI and Uninsured). The Effects of UBMI on Utilisation in China PLOS ONE | www.plosone.orgL 1 statistics are all close to 0, as opposed to the pre matching L 1 statistics ranging from 0.016 to 0.741. The final sample sizes are 2231 respondents (including 1580 UEBMI enrollees and 651 uninsured) for studying the UEBMI effect and 1527 respondents (including 639 URBMI enrollees and 888 uninsured) for studying the URBMI effect. In summary, after conducting the matching exercises through either PSM or CEM, the insured and the uninsured groups became comparable based on the observed characteristics.
The effect of UEBMI on health services utilisation
The ATT of UEBMI is presented in Panel A, Table 7 . The result suggests that the probability of outpatient visits and outpatient visit rates in the past two weeks have both significantly increased for the UEBMI enrollees, regardless of which matching method was used (p,0.10). Being insured increased the chance of outpatient utilisation by around 78.3% or 122.1% based on CEM or PSM methods, respectively. Being insured in UEBMI also increased the hospitalisation utilisation; however, the difference was statistically insignificant. Further studying where patients received medical treatment, results suggest that UEBMI enrollees were significantly more likely to have outpatient treatment in the clinics (p = 0.02)/community health service center (p = 0.001) based on PSM/CEM methods. For the likelihood of hospitalisation in the past year, the CEM result suggested that the UEBMI enrollees were significantly (p = 0.06) more likely to receive treatment at city level hospitals (see Table 8 for details).
The effect of URBMI on health services utilisation
The impact of URBMI is presented in Panel B, Table 7 . Results suggest that URBMI has increased both outpatient and inpatient utilisation; however, the difference was insignificant (p.0.10). Further studies into the level of hospitals where patients received medical treatment found that there was some evidence to suggest that compared to the uninsured, URBMI enrollees were significantly more likely to have outpatient treatment in the community health service centers (p = 0.02/0.09 based on PSM/ CEM method). On the other hand, for inpatient treatment, being insured in URBMI meant being more likely to have treatments in the city level hospitals (p = 0.09) based on CEM method (see Table 9 for details).
Discussion
By using the Shaanxi Province data of the 4 th National Health Services Survey, this paper empirically studied the average treatment effect on the treated for the UEBMI and URBMI schemes in Shaanxi Province, western China. Both the PSM and CEM techniques were adopted to handle the potential sample selection issue. Among four health services utilisation measurements (the probability of having any outpatient visit in the past two weeks, the number of outpatient visits in the past two weeks, the probability of receiving inpatient treatment in the past year and the number of hospitalisations in the past year) studied in this paper, robust results suggest that the ATT only limits the UEBMI scheme on outpatient utilisation.
The findings that the UEBMI had significantly increased outpatient health services utilisation but not hospitalisation, and the insignificant effect of URBMI, are consistent with Liu et al. [17] and Li and Zhang [19] . The insignificant effect of URBMI is opposite to the findings of Chen et al. [18] . Since one of the key aims of expanding the basic medical insurance is to improve the health services access (especially for the inpatient utilisation), the results from this study seems alarming, especially for the more Table 6 . The L1 measure of imbalance before and after Coarsened Exact Matching. The Effects of UBMI on Utilisation in China PLOS ONE | www.plosone.org Note: Chi-square test was used to testify the significant difference for any outpatient visit in the past 2 weeks and any hospitalisation in the past year. T-test was used to testify the significant difference for outpatient visit rate in the past 2 weeks and hospitalisation rate in the past year. doi:10.1371/journal.pone.0094909.t007 recently established URBMI. Having said that, it should be also noted that firstly, the relatively small sample size could be a reason for the insignificant statistics. The results reported in Tables 7 all  show the anticipated sign of the treatment effect that being insured were associated with increased health services utilisations. Secondly, while UEBMI had been implemented in the Shannxi province for around ten years, the URBMI had just been implemented for a year. It is possible that the URBMI enrollees were not so familiar with the scheme. In addition, the cautious attitude towards the insurance funds spending, especially at the initial stage of insurance implementation, may further limit the insurance effect [8] .
The inconsistent results reported from this study, Li and Zhang [19] and Chen et al. [18] may also highlight the existence of regional heterogeneity with regards to the insurance policy design and impact. The provincial heterogeneity is evidenced in multiple development indicators, such as GDP per capita, life expectancy, average schooling years, to name but a few. As shown in Lin et al. [9] , the benefit package design is associated with the regional development and in general the benefit package (such as the reimbursement rate) is better off in the wealthier regions. The sample of Chen et al. [18] containing 9 cities varied in different development stages and the pooled sample analysis suggests that the impact of URBMI on health services utilisation was significant. The insignificant effect of URBMI in this study may reveal the need to further improve benefit package design in Shaanxi Province.
This paper also contributes to the literature by studying the levels of hospital visits. Since the documented reimbursement rates decrease when the levels of hospitalisation increase, it is expected that the potential incentive would induce insured people to use the health services provided at the lower level of hospitals for inpatient health services. The results of this paper found encouraging evidence that, consistent with the incentive of insurance design, on average respondents who enrolled in UEBMI or URBMI were most likely to receive inpatient treatment at district level or below hospitals, followed by city level hospitals, and the least likely to use provincial/national level hospitals. Compared to the uninsured, the insured were associated with increased likelihood to use inpatient services at lower level hospitals with decreased likelihood of having hospitalisation at provincial/national level hospitals, although only the increased likelihood at city level was significant based on CEM results (p,0.10). As for the outpatients health services, since the UEBMI insured people would use the insurance funds from their MSAs, there was no additional incentive for them to purchase outpatient services from the lower level hospitals. This is supported by this study comparing the medical services utilisation pattern between UEBMI and uninsured, showing there was no particular trend for the outpatient health services utilisation. For the residents who were insured with URBMI, since only the critical outpatient care were covered, they were more likely to visit higher level health care facilities for more complex diseases treatment.
Two caveats are worth mentioning here. First, by using the matching technique this paper increased the comparability between the insured and the uninsured. However, without handling the unobservable heterogeneity (e.g. risk attitude), the results reported in this paper should be explained as association rather than causal effect. This limitation may particularly impact on studying the ATT of the URBMI since its enrollment is voluntary. The unobservable (and thus unmatched) personal and household characteristics may impact on the results presented. It would be ideal to use longitudinal survey data to study the impact of medical insurance on health services utilisation; however, such data is currently unavailable. Second, as also been discussed in Chen et al. [18] there could be a worry that the uninsured might use their family members' medical insurance cards to get reimbursement in the outpatient treatment. If this scenario happens, the ATT of the UEBMI/URBMI on outpatient utilisation reported in this paper may be underestimated, since a proportion of the outpatient utilisation observed in the uninsured would in fact due to the insurance effect of UEBMI/URBMI. The conclusion on the inpatient utilisation will not be impacted since it is unlikely that an insured individual could use other household members' medical insurance card for hospitalisation. Third, as mentioned earlier, the URBMI had just been implemented for one year in our sample, more recent data on the URBMI scheme is warranted to further study the medical insurance effect in Shaanxi Province.
